Abstract. In this work, a ~21-years self-consistent global dataset from four different satellite sensors with a mid-morning overpass (GOME/ERS-2, SCIAMACHY/ENVISAT, GOME-2/Metop-A and GOME-2/Metop-B) is compiled to study the long-term tropospheric NO 2 patterns and trends. The GOME and GOME-2 data are "corrected" relative to the SCIAMACHY data in order to reproduce what SCIAMACHY would measure if it was in orbit for the period 4/1996-9/2017. The highest 15 tropospheric NO 2 concentrations are seen over urban, industrialized and highly populated areas and over ship tracks in the oceans. Tropospheric NO 2 has generally decreased during the last two decades over the industrialized and highly populated regions of the Western World (e.g. average decrease of the order of ~49% over the U.S., the Netherlands and the U.K., ~36% over Italy and Japan and ~32% over Germany and France) and increased over developing regions (e.g. average increase of ~160% over China and ~33% over India). It is suggested here that linear trends cannot be used efficiently worldwide for 20 such long periods. Tropospheric NO 2 is very sensitive to socioeconomic changes (e.g. environmental protection policies, economic recession, warfare, etc.) which may cause either short term changes or even a reversal of the trends. The application of a method capable of detecting the year when a reversal of trends happened shows that tropospheric NO 2 concentrations switched from positive to negative trends and vice versa over several regions around the globe. A countrylevel analysis revealed clusters of countries that exhibit similar positive-to-negative or negative-to-positive reversals while 25 29 out of a total of 64 examined megacities and large urban agglomerations experienced a trend reversal at some point within the last two decades.
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Introduction
Nitrogen dioxide (NO 2 ) constitutes one of the most important air pollutants in the atmosphere being responsible for the air quality degradation in many regions across the Earth. It plays a major role in a number of processes in the troposphere such as the photochemical production of ozone (O 3 ) and the formation of nitric acid (HNO 3 ) (Seinfeld and Pandis, 2016 and references therein), the formation of nitrate aerosols (Basset and Seinfeld, 1983) , and modifies the radiative balance in the 5 atmosphere either directly (by absorbing solar radiation) (Solomon et al., 1999) or indirectly (e.g. by the formation of ozone or the modification of greenhouses gas lifetime such as methane) (Isaksen et al., 2014) . In addition, NO 2 has a diverse effect on human health, being toxic at high concentrations. Long exposure to NO 2 may lead to the development of asthma and increase susceptibility to respiratory infections (WHO, 2003) .
As NO 2 is largely produced by anthropogenic activities (e.g. transportation, industry, domestic heating, power 10 plants and smelters) it is mostly abundant in urban environments. A small part of the global NO 2 concentration is produced by natural sources such as biomass burning, lightning flashes and soil microbial activity (Hilboll et al. 2013 and references therein). Socioeconomic changes from the beginning of the industrial revolution until today had a critical impact on the NO 2 levels over various locations around the planet (Vestreng et al., 2009) . At the same time, the continuous growth of the global population and its concentration into urban agglomerations (cities, megacities, conurbations) led to the development of major 15 NO 2 hotspots which can be detected from space (Schneider et al., 2015) .
It has been more than two decades now that a series of sensors onboard sun-synchronous orbit satellites continuously measure the tropospheric NO 2 vertical column density (VCD) at nearly the same time (equator crossing time in mid-morning) offering global coverage at timescales ranging from 6 up to 1 days. The first sensor to measure NO 2 VCDs was the Global Ozone Monitoring Experiment (GOME) (Burrows et al., 1999) onboard European Space Agency (ESA) 20 satellite ERS-2. GOME flew on a sun-synchronous near polar orbit from mid 1995 delivering NO 2 measurements at a nominal spatial resolution of 320 x 40 km 2 (crossing equator time: 10:30 LT) until June 2003 when the ERS-2 tape recorder failed leading to a very low global coverage. Till June 2003 the daily coverage was achieved every three days. Except from the nominal GOME operation, narrow swath mode measurements were taken three days each month at a spatial resolution four times higher (80 x 40 km 2 ) (Beirle et al., 2004) . In this mode, global coverage was achieved using 12 days of data. Due 25 to a saturation of the visible channels under certain circumstances during the first months of its operation, GOME had a smaller ground pixel (80 x 40 km 2 ) (worse ground coverage) until March 1996 when the problem was solved. GOME was succeeded by the SCanning Imaging Absortion spectroMeter for Atmospheric CartograpHY (SCIAMACHY) (Burrows et al., 1995; Bovensmann et al., 1999 ) onboard ESA's satellite ENVISAT. SCIAMACHY was on a sun-synchronous near polar orbit delivering NO 2 measurements at a spatial resolution of 60 x 30 km 2 (crossing equator 30 time: 10:00 LT) from August 2002 until April 2012 when contact was lost. The sensor's global coverage time was six days.
SCIAMACHY was succeeded by two GOME-2 satellite instruments (Callies et al., 2000) onboard Metop-A (October 2006) and Metop-B (September 2012) with morning equator crossing times which were developed by ESA and are Atmos. Chem. Phys. Discuss., https://doi.org /10.5194/acp-2018-988 Manuscript under review for journal Atmos. Chem. Phys. Discussion started: 2 November 2018 c Author(s) 2018. CC BY 4.0 License. operated by the European Organization for the Exploitation of Meteorological Satellites (EUMETSAT). GOME-2A flies on a sun-synchronous near polar orbit with an equator crossing equator time of 09:30 LT. Originally, GOME-2A had a 1920 km swath and a 80 x 40 km 2 footprint covering the earth once every 1.5 days. In July 2013 GOME-2A swath was changed to 960 km and its footprint to 40 x 40 km 2 . GOME-2Β shares the same characteristics with GOME-2A before July 2013 (Wang et al., 2017) . GOME-2A delivers NO 2 measurements from January 2007 and GOME-2B from January 2013 onwards. 5
The instruments mentioned above are different by means of their technical characteristics, calibration and their spatial resolution which makes the use of their observations as one single dataset very challenging. Several studies in the past made use of the tropospheric NO 2 data from the aforementioned sensors simultaneously; however, in most cases, the datasets were either used separately (e.g. van der A et al., 2006; Schneider et al., 2012; Valks et al., 2011) or they were downgraded to a low spatial resolution (e.g. van der A et al., 2008; Konovalov et al., 2010) . Some studies have suggested a method that 10 accounts for the spatial resolution difference between GOME and SCIAMACHY observations (e.g. Konovalov et al., 2006 Konovalov et al., , 2008 in order to preserve the high spatial resolution . On top of this correction, Hilboll et al. (2013) suggested a method that accounts for all the other instrumental differences, including instrument-dependent offsets in a fitted trend function. They applied their method on GOME, SCIAMACHY, OMI (Ozone Monitoring Instrument) and GOME-2A data. Geddes et al.
(2016) followed a similar approach by applying a spatial resolution and a shift correction on data from GOME, 15 SCIAMACHY and GOME-2A sensors.
Here, we proceed for the first time to the compilation of a ~21-years self-consistent dataset, using morning data from GOME/ERS-2, SCIAMACHY/ENVISAT, GOME-2/Metop-A and GOME-2/Metop-B, by following a three-step procedure. It has to be noted that OMI (Levelt et al., 2006) onboard EOS Aura (2004-today) has also been measuring tropospheric NO 2 since October 2004; however, its equator crossing time is in the afternoon. Taking into account that 20 tropospheric NO 2 is characterized by a significant diurnal variability , the use of mixed morning and afternoon measurements might insert large uncertainties and hence we decided to focus on morning measurements only.
Details about the datasets which are merged along with a description of the methodology followed are given in Sect. 2 and Appendix A. All the methods used in this work are described comprehensively in the Appendix in order to make it easier for the reader to focus on the results and the discussion. The joint dataset is used for a detailed global trend analysis (see Sect. 2 25 and Appendix B for details about the trend calculations). The long-term tropospheric NO 2 global patterns and trends are presented in Sect. 3.1. A method that detects trend reversals was developed (see Sect. 2 and Appendix C for details) in order to show that a single linear trend cannot be used efficiently worldwide for such long periods. The method is applied on a global scale, on a country basis and for a number of megacities/large urban agglomerations around the world and the year of the reversal along with the trends for the period before and after the reversals are reported (Sect. 3.2, 3.3 and 3.4) . The 30 coincidence of the trend reversals with different socioeconomic changes is also examined. At the end of the paper the main findings and conclusions of this research are summarized.
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Data and methods

Satellite data
In this work, we use tropospheric NO 2 VCD data from the GOME (4/1996-6/2003) , SCIAMACHY (8/2002 SCIAMACHY (8/ -3/2012 , GOME-2A (1/2007 GOME-2A (1/ -9/2017 ) and GOME-2B (1/2013-9/2017) TM4NO2A v.2.3 datasets which are available from the Royal Netherlands Meteorological Institute (KNMI). The retrieval scheme consists of three steps. First, the NO 2 slant column 5 density (SCD) is retrieved applying the differential optical absorption spectroscopy (DOAS) method (Platt, 1994) , then the stratospheric and tropospheric contribution to the NO 2 SCD is calculated with a data assimilation approach (Dirksen et al., 2011) , and finally the tropospheric SCD is converted into tropospheric VCD using a calculated air mass factor (AMF). With DOAS, the reflectance spectrum in the wavelength range from 425-450 nm measured by the sensors is fitted by a model that takes into account absorption cross sections for NO 2 , O 3 , O 2 -O 2 , and H 2 O and the Ring effect while a low-order polynomial 10 accounts for the scattering from aerosols and clouds and for the Rayleigh scattering (Vandaele et al., 2005) . The separation between stratospheric and tropospheric SCD is achieved by assimilating the total SCD retrieved with the DOAS into the TM4 chemistry transport model (Dirksen et al., 2011) . The AMFs which are used in step 3 for the conversion of the tropospheric SCDs from step 2 into tropospheric VCDs are pre-calculated using the Doubling-Adding KNMI (DAK) radiative transfer model (Stammes, 2001) . The retrieval scheme uses satellite-based surface albedo climatological data 15 (Boersma et al., 2004) while cloud fraction and cloud top height is retrieved using the FRESCO algorithm (Koelemeijer et al., 2001) . Specifically, the version TM4NO2A v.2.3 dataset used here is the result of a major update that was implemented during the switch from TM4NO2A v.1.1 to TM4NO2A v.2.0 (new altitude-dependent AMF look-up table, a more realistic surface albedo dataset from MERIS sensor onboard ENVISAT satellite, an improved terrain height dataset, and better sampling of TM4 profiles) and the correction of minor retrieval errors thereafter (details in Boersma et al., 2011 and on 20 TEMIS website: www.temis.nl, last access: 15 September 2018) . Single pixel GOME, SCIAMACHY, GOME-2A and GOME-2B retrievals were attributed to a standard grid of 0.25 o x 0.25 o and the observations were averaged on a monthly basis. When averaging, the observations were weighted by the size of the overlapping surface defined by the pixel and the corresponding grid cell. Only pixels with a cloud radiance fraction less than 50% were taken into account.
Methodology
25
In order to produce a self-consistent tropospheric NO 2 VCD monthly gridded dataset from GOME, SCIAMACHY, GOME-2A and GOME-2B we followed a three-step methodology based on the methods of Hilboll et al. (2013) and Geddes et al. (2016) . A basic difference with Hilboll et al. (2013) is that we first produced a self-consistent dataset applying all the necessary corrections and then we proceeded to a trend analysis instead of fitting part of the corrections during the trend analysis. In addition, the trend analysis is applied on monthly data instead of annual data like in Geddes et al. (2016) . The 30 SCIAMACHY dataset was used as a reference as SCIAMACHY shared common periods of measurements with both GOME Atmos. Chem. Phys. Discuss., https://doi.org /10.5194/acp-2018-988 Manuscript under review for journal Atmos. Chem. Phys. Discussion started: 2 November 2018 c Author(s) 2018. CC BY 4.0 License. and GOME-2A. This way, we managed to reproduce what SCIAMACHY would measure if the sensor was in orbit for ~21 years (from 4/1996 to 9/2017).
The GOME data were first corrected for the low horizontal resolution they exhibit relative to SCIAMACHY (320 x 40 km 2 vs 60 x 30 km 2 ) (step 1) (see also Hilboll et al., 2013) . To do so the SCIAMACHY monthly gridded data (VCD SC ) were smoothed in the horizontal dimension in order to match GOME's horizontal resolution. This was achieved by using a 5 boxcar algorithm with an averaging window of 13 x 0. Europe and China can be seen in Fig. S1 , S2, S3 and S4, respectively. The original GOME gridded data (VCD G ) were multiplied with the corresponding CF1 values to produce a GOME dataset (VCD GC1 ) with apparently higher spatial resolution (see Eq. A3). This method, generally assumes that the relative spatial structure of the central dataset (SCIAMACHY) persists during the GOME and GOME-2 periods.
The different spatial resolution leads to different spatial and temporal sampling by the two instruments which 15 affects the observed NO 2 levels, the seasonal variability and its amplitude. The spatial resolution correction is expected to correct only part of those biases and hence further corrections had to be applied (Hilboll et al., 2016) . The corrected GOME data (VCD GC1 ) for the 11-month period 8/2002-6/2003 were compared against SCIAMACHY data for the same period and a shift correction was further applied to account for the instrumental bias between the two sensors (step 2). The shift correction factor (CF2: 1 value for each grid cell) is equal to the difference between the two datasets for the common period and was 20 calculated on a grid cell basis (Eq. A4) similarly to Geddes et al. (2016) . The global CF2 patterns as well as the corresponding CF2 values for North America, Europe and China are shown in Fig. S5 , S6, S7 and S8, respectively. CF2 was extracted from the spatial resolution corrected GOME data to produce a further corrected GOME dataset (VCD GC2 ) (A5).
Finally, the GOME data were brought closer to the SCIAMACHY data by applying a correction for the different seasonal amplitudes that may still exist after the first two corrections (step 3). The normalized seasonal variability 25 (climatological monthly values were extracted from the long-term average) for the whole SCIAMACHY period is divided by the normalized seasonal variability for the whole GOME period. The seasonal amplitude correction factor (CF3: 1 value for each month of the year, a total of 12 values for each grid cell) is equal to the ratio of the SCIAMACHY and GOME normalized seasonal variability (A6). The annual mean CF3 values for the whole globe as well as for North America, Europe and China can be seen in Fig. S9 , S10, S11 and S12, respectively. The already twice-corrected GOME data (VCD GC2 ) were 30 then multiplied with the CF3 on a monthly basis to produce the final GOME dataset (VCD GC3 ) (see Eq. A7). As SCIAMACHY and GOME-2 have a comparable spatial resolution, in the case of GOME-2 data, step 1 was omitted. The GOME-2A and 2B data were averaged on a monthly basis to produce a common GOME-2 dataset which is then corrected following steps 2 and 3.
The self-consistent GOME-SCIAMACHY-GOME-2 timeseries were fitted by using a model with a linear trend and a Fourier-based seasonal component. The method is based on Weatherhead et al. (1998) and has been frequently used in previous studies to calculate the trends of trace gases, aerosols, surface solar radiation, etc. (e.g. van der A et al., 2008; De Smedt et al., 2010; de Meij et al., 2012; Pozzer et al., 2015; Georgoulias et al., 2016; Alexandri et al., 2017) and check whether they are statistically significant at the 95% confidence level (a detailed description of the method is given in 5 Appendix B). Due to systematic lack of valid tropospheric NO 2 retrievals (due to clouds, snow/ice cover, etc.), especially over areas at high latitudes, only trends calculated for timeseries with at least 8 months per year are considered reliable and hence are shown below (see also Pozzer et al., 2015) .
In order to detect trend reversals in the self-consistent GOME-SCIAMACHY-GOME-2 timeseries, a method similar to one that was originally suggested in a solar dimming/brightening study was used (Cermak et al., 2010) . The 10 method is capable of finding the year when a reversal from positive to negative trends or from negative to positive trends appeared with a very limited error of 0.5-1%. It has to be highlighted that our study, in line with Cermak et al. (2010) , focuses on detecting only one major trend reversal and hence minor reversals that may appear in the timeseries are not reported. The method is based on the minimization of a value S which is calculated on an annual basis (a detailed description is given in Appendix C). In this study, a trend reversal is reported only when the trend for the period before or the trend for 15 the period after the reversal year (including the reversal year) is statistically significant at the 95% confidence level.
Results and Discussion
Long term NO 2 patterns and linear trends
The tropospheric NO 2 VCD patterns from the combined GOME-SCIAMACHY-GOME-2dataset for the period 4/1996-9/2017 are shown in Fig. 1 . It is obvious that the highest NO 2 concentrations are confined over urban, industrialized and 20 highly populated areas. A careful look over oceanic regions reveals local maxima over ship tracks (e.g. Indian Ocean, Mediterranean Sea, Red Sea) highlighting the contribution of ship emissions on the global NO 2 burden. The highest tropospheric NO 2 VCDs appear over an extended area located in eastern China. This area encloses the Beijing-Tianjin-Hebei (BTH) and the Yangtze River Delta (YRD) urban clusters which have experienced an unprecedented population growth and a rapid industrial development over the last two decades (Kourtidis et al., 2015) . Some very striking NO 2 hotspots that can be 25 seen on the map (red color) are the Pearl River Delta (PRD) in southern China, Seoul in South Korea, Tokyo in Japan, Tehran in Iran, Moscow in Russia, the Highveld in South Africa, the Po Valley in northern Italy, the area covering the triangle Netherlands-Belgium-Germany, Paris/France, London/U.K., New York/U.S., and other. Despite the fact that NO 2 is transported from one region to another and there is transboundary transport, due to the short NO 2 lifetime (from a few hours up to a day) its concentrations are generally representative of the local NO 2 emission strength. 30
Atmos. Chem. Phys. Discuss., https://doi.org /10.5194/acp-2018- can be considered negligible. Taking into account this and following previous studies, the trend values given in the manuscript are rounded to two decimal places except for Table 2 patterns are similar to the ones appearing in previous satellite-based studies for shorter periods (e.g. van der A et al., 2008; 20 Schneider et al., 2012; Hilboll et al., 2013; Krotkov et al., 2016) . Concluding, our results confirm that tropospheric NO 2 concentrations have generally decreased during the last ~21 years over the industrialized and highly populated regions of the so-called "Western World" and increased over developing regions. Indicatively, according to the calculated trends, the tropospheric NO 2 levels have decreased on average by ~49% (relative to the fitted mean of the first year) over the U.S., the Netherlands and the U.K., by ~36% over Italy and Japan and by ~32 % yr -1 over Germany and France during this period and 25 increased over regions like China (an average increase of ~160% with an increase of 200-300% over specific regions of eastern China) or India (~33%).
Trend reversals
As shown in the previous paragraph, the tropospheric NO 2 linear trends during the last two decades appear to be strong and statistically robust over different regions around the world. However, it has been reported in previous studies that the 30 implementation of environmental protection policies (e.g. van der A et al., 2017 for eastern China), economic recession (e.g. may have led to temporal or persistent changes to trace gases (e.g. SO 2 and NO 2 ) concentrations. This study mostly focuses on persistent changes which have led to a significant trend reversal of tropospheric NO 2 at some point during the last ~ 21 years. As shown in Fig. 3 , trend reversals may indeed be detected over several regions around the globe. Fig. 3a shows the year when a reversal from positive to negative trends started and Fig. 3b shows the year when a reversal from negative to 5 positive trends started. Only grid cells with a statistically significant trend at the 95% confidence level for the period before or after the year of the reversal and a long term tropospheric NO 2 VCD mean of at least 1 x 10 15 molecules cm -2 are shown.
Extended areas over eastern China exhibit a clear reversal from positive to negative trends mostly in 2011 (see Fig.   3a ) while the same areas are characterized by strong statistically significant positive trends in Fig. 2b . It becomes more than obvious that by using a linear trend model for the whole period of interest one cannot depict the change in tropospheric NO 2 . 10
A smaller area with a persistent trend reversal from positive to negative in 2012 appears in north-western China. These striking features are in accordance to recent studies focusing on eastern Asia. van der A et al. (2017) showed that NO x emissions in eastern China reached a peak in 2012 and slowly decreased thereafter while the economy kept growing. Similar results were recently shown for aerosols (Sogacheva et al., 2018) . This situation is attributed to the installation of NO x filtering systems at power plants and heavy industry. With the 12 th five-year plan (ChinaFAQs project, 2012) China set the 15 target to reduce NO x emissions by 10% during the period 2010-2015 and seems to have achieved it (de Foy et al., 2016) .
Selective catalytic reduction (SCR) systems were installed in this period growing from a penetration of about 18% to 86% during the period 2011-2015 (Liu et al., 2016) . The use of SCR technologies in power plants is expected to cause a reduction of the emissions by at least 70% (ICAC, 2009) . This is the most significant measure taken by the Chinese State and largely coincides with the reversal years appearing in Fig. 3a . In the meantime, China also introduced several new national emission 20 standards for cars switching from China 3 to China 4 standard in 2011 Another region with widely-spread positive-to-negative trend reversals is the Iberian Peninsula (see Fig. 3a ). Not only the continental areas but also the coastal areas around the Iberian Peninsula (outside and inside the Mediterranean Sea) Atmos. Chem. Phys. Discuss., https://doi.org /10.5194/acp-2018-988 Manuscript under review for journal Atmos. Chem. Phys. (Fig. 3a) . On the contrary, areas with a persistent negative-to-positive trend reversal in early 2000s can be seen in South America (highly populated, industrialized areas in Brazil and Argentina) (Fig.  25   3b) . The reversal points coincide with socioeconomic changes that took place in these two countries. Specifically, Argentina To demonstrate the need for a different approach when looking into long-term linear trends of tropospheric NO 2 , in Fig. 4 we present the timeseries and the trend for the whole period of measurements (4/1996 -9/2017) and for the period before and after the trend reversal for four different regions of interest around the globe, i.e., eastern China (ECH) [ Fig. 4 ). The four regions were 5 selected because they represent areas that experienced a trend reversal in different periods and for different reasons (see Fig.   4 and discussion above). The absolute (in 10 15 molecules cm -2 yr -1
) and relative trends (relative to the fitted mean of the period/sub-period first year, in % yr -1 ) for each region are given in Fig. 4 and Table 1 .
While ECH exhibits a statistically significant positive trend for the whole period of interest, a clear trend reversal is observed in 2011, with a statistically significant positive trend during the period (4/1996 -12/2011) and a statistically 10 significant negative trend during the period (1/2011-9/2017) ( Fig. 4a, b) . Following the discussion above, the observed trend reversal in ECH may be attributed to the implementation of environmental protection policies. In addition, while IPE exhibits a statistically significant negative trend for the whole period (Fig. 4c) with a statistically significant negative trend during the period (4/1996 -12/2000) and a statistically positive negative trend during the period (1/2000-9/2017). The trend reversal in SAM might be attributed to a revival of the economy after ~2000 in combination with the preparations of the Rio Olympic Games (see discussion above).
Countries
The same analysis was repeated on a country level basis which allows for safer interpretations of the observed trend 25 reversals as the environmental policies, the socioeconomic changes and consequently NO x emission changes are unique within each country. As country-level averages are used here there is no discrimination between national hot spots and background areas while transboundary transport cannot be excluded as well. In Fig. 5a , the linear trend of the tropospheric in south-eastern Asia and several countries in Africa (Libya, Chad, Sudan, Ethiopia, Mali, Guinea, Liberia, Ivory Coast, Ghana, the Democratic Republic of the Congo, Angola, Namibia, Botswana, Zimbabwe, Mozambique, South Africa) exhibit a statistically significant negative trend. On the contrary, statistically significant positive trends can be seen over countries in eastern Europe and the Middle East and over almost the whole Asia and South America.
The countries with the highest statistically significant negative trends (deep blue color in Fig. 5 ) for all the world countries are given in Table S1 of 15 the paper's Supplement.
In order to save space, Table 2 includes the absolute and relative trends only for countries that experienced a trend reversal. In the same Table one may also find the year of trend reversal along with the absolute and relative trends for the period before the trend reversal (including the reversal year) and after the trend reversal (including the reversal year). In addition, Fig. 6a shows the year when a reversal from positive to negative trends was observed and Fig. 6b shows the year 20 when a reversal from negative to positive trends started on a country basis. Only countries with a statistically significant trend at the 95% confidence level for the period before or after the year of the reversal are shown.
In several regions around the world we can see clusters of countries that exhibit a reversal from positive to negative Fig.4, Fig. 7 presents the timeseries for the 5 period before and after the trend reversal for eight countries of interest (China, Spain, Ireland, Russia, Argentina, Brazil, Iraq and Syria). These countries were selected according to the results from the global analysis so as to be representative of different driving reasons.
As discussed above the reversal from positive to negative trends over China in 2011 (Fig. 7a) is related to the extended implementation of environmental protection policies while the reversal from positive to negative trends over Spain 10 in 2006 (Fig. 7b 
Megacities and large urban agglomerations
The same analysis was repeated for a total of 64 megacities (population of more than 10 million inhabitants) and large urban agglomerations (population of more than ~5 million inhabitants). The list of megacities and large urban agglomerations (hereafter denoted also as population hot spots -PHSs) used here is taken from Schneider et al., (2015) . Such areas are 30 characterized by extensive human activities (transportation, industry, domestic heating, etc.). Hence, trace gas emissions are expected to be more sensitive to socioeconomic changes and trend reversals are expected to be sharper. In Fig. 8 ) for the period 4/1996 -9/2017 is shown for 64 PHSs out of a total of 66 PHSs appearing in Schneider et al. (2015) list as only trends calculated for timeseries with at least 8 months per year are reported. Statistically significant trends at the 95% confidence level are marked with a black outline.
As shown in Fig.8 , the majority of the PHSs with the highest statistically significant negative trends are located in Europe and the U.S. while the PHSs with the highest statistically significant positive trends are mostly confined in south-5 eastern Asia (e.g. China, India), the Middle East -Arabian Peninsula and South America. More specifically, the PHSs with the highest statistically significant negative trends (deep blue color in Fig. 8 ). These values along with the trends for all the PHSs examined in this work can be found in Table 3. 29 out of the 64 examined PHSs exhibit a trend reversal within the period of interest. Fig. 9a shows the year when a reversal from positive to negative trends started (Athens, Bangalore, Bangkok, Buenos Aires, Jakarta, Jeddah, Johannesburg, 20 Khartoum, Kinshasa, Lahore, Manila, Rio de Janeiro, Santiago) and Fig. 9b shows the year when a reversal from positive to negative trends started (Atlanta, Beijing, Boston, Chongqing, Damascus, Hong Kong, Los Angeles, Osaka, San Francisco, Shanghai, Shenyang, Shenzhen, Taipei, Tianjin, Tokyo, Wuhan). Only PHSs with a statistically significant trend at the 95% confidence level for the period before or after the year of the reversal are shown. The year of trend reversal along with the absolute and relative trends for the period before the trend reversal (including the reversal year) and after the trend reversal 25 (including the reversal year) are given in Table 3 .
On top of the discussions above, timeseries for the period before and after the trend reversal for six selected PHSs are presented in Fig. 10 . Beijing, the capital of China, exhibits a sharp reversal from positive to negative (statistically Our results suggest that there may be a stabilization of the tropospheric NO 2 levels after the rapid decline that was observed in the first years of the crisis. Finally, Damascus, the capital city and financial/industrial center of Syria, exhibits a sharp reversal from positive to negative trends in 2012 as a result of the Syrian civil war which broke out in 2011 (see Sect.
and 3.3 and references therein). 10
Conclusions
In this work, a self-consistent GOME, SCIAMACHY and GOME-2 tropospheric NO 2 VCD dataset is compiled for the period 4/1996-9/2017. The GOME and GOME-2A/GOME-2B data are "corrected" relative to the SCIAMACHY data, following a three-step procedure, in order to reproduce what SCIAMACHY would measure if being in orbit for the whole period of interest. The dataset is then used to study the long-term global tropospheric NO 2 patterns and trends and search for 15 possible trend reversals during this ~21-years period. The main findings of the present study are summarized in the following: -The highest tropospheric NO 2 concentrations are seen over urban, industrialized and highly populated areas and over ship tracks in the oceans. Tropospheric NO 2 has generally decreased during the last two decades over the industrialized and 20 highly populated regions of the Western World and increased over developing regions. Statistically significant negative trends appear over the largest part of the U.S., western and central Europe, Japan and Taiwan in south-eastern Asia and the region around the Johannesburg-Pretoria conurbation in South Africa. Strong statistically significant positive trends appear over regions in south-eastern Asia, the Middle East, eastern Europe, northern Africa, South Africa, and South and Central America. Indicatively, during the last ~21years, the tropospheric NO 2 levels have decreased on average by ~49% relative to 25 the fitted mean of the first year over the U.S., the Netherlands and the U.K., by ~36% over Italy and Japan and by ~32% over Germany and France, while, they increased over regions like China (an average increase of ~160% with an increase of 200-300% over the eastern part of the country) or India (~33%). The next years, tropospheric NO 2 timeseries will be extended from new more sophisticated satellite sensors such as the recently launched Tropospheric Monitoring Instrument (TROPOMI) onboard ESA's Sentinel-5 Precursor (S-5P) satellite (Veefkind et al., 2012) . Hence, the need to develop similar methods in the future that will be able to incorporate both 20 morning and afternoon measurements (e.g. from OMI and TROPOMI) and detect more than one trend reversal points in improved tropospheric NO 2 products (e.g. QA4ECV v.1.1, Zara et al., 2018 and references therein) is acknowledged.
Appendix A: Merging GOME, SCIAMACHY and GOME-2 observations
Step 1: VCD SCsm is calculated from VCD SC using a boxcar algorithm with an averaging window of 13 x 0. Step 2:
where t is the time in one month steps for the common GOME-SCIAMACHY period (t 1 : 8/2002 to t 2 : 6/2003) of n=11 10 months.
GC2 GC1
VCD (x, y, t) VCD (x, y, t) CF2(x, y)   (A5)
Step 3:
where t is the time in one month steps for the whole SCIAMACHY period (t SC1 : 8/2002 to t SC2 : 3/2012) of n SC =116 months and for the whole GOME period (t G1 : 4/1996 to t G2 : 6/2003) of n G =87 months.
GC3 GC2
VCD (x, y, t) VCD (x, y, t) CF3(x, y, m)   (A7) 20
Appendix B: Trend analysis
The timeseries are fitted by using a model with a linear trend and a Fourier-based seasonal component:
where Y t is the monthly mean value for month t, X t is the number of the month after the first month of the timeseries, A is the monthly mean of the first month of the timeseries and B is the trend. The seasonal component contains the amplitudes an and bn, T is the period and N t is the difference between the modeled and the measured value termed, usually as remainder. 5
where φ is the autocorrelation in the remainder and ε t is the white noise. Autocorrelation φ affects the precision of the trend σ Β which is given as a function of φ, the length of the data set in months m and the variance σ N of the remainder for small 10 autocorrelations:
The calculated trend B is considered to be statistically significant at the 95% confidence level if │B/σ Β │>2. 15
Appendix C: Trend reversal detection
The trend reversal method is based on the minimization of a value S(t) which is calculated for each year t of the period [t 1 =2000,t n =2012]:
where p(B l ) and p(B r ) express the possibility that the trends B l and B r for the short periods on the left [t-4,t] and on the right [t,t+4] of the year t are statistically insignificant and σ Bl+r is the standard error of the trend for the combined sub-periods [t-4,t+4]. The year t r when S takes its lower value and there is a switch from a positive trend to a negative one or from a negative trend to a positive one is considered to be a potential trend reversal year. The trends are calculated using ordinary 25 least-squares linear regression with 95% confidence intervals. In this study, only when the trend B b for the whole period before t r (including t r ) [t 1 t r ] or the trend B a for the whole period after t r (including t r ) [t r ,t n ] is statistically significant at the 95% confidence level, a trend reversal is reported. Specifically, for the four extended regions of interest, the country and the Atmos. Chem. Phys. Discuss., https://doi.org /10.5194/acp-2018-988 Manuscript under review for journal Atmos. Chem. Phys. , 8, 2623-2641, doi:10.5194/acp-8-2623-2008, 2008. Konovalov, I. B., Beekmann, M., Richter, A., Burrows, J. P., and Hilboll, A.: Multi-annual changes of NO x emissions in megacity regions: nonlinear trend analysis of satellite measurement based estimates, Atmos. Chem. Phys., 10, 8481-8498, 20 doi:10.5194/acp-10-8481-2010, 2010. Kourtidis, K., Stathopoulos, S., Georgoulias, A. K., Alexandri, G., and Rapsomanikis, S.: A study of the impact of synoptic weather conditions and water vapor on aerosol-cloud relationships over major urban clusters of China, Atmos. Chem.
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Atmos. Chem. Phys. Discuss., https://doi.org /10.5194/acp-2018-988 Manuscript under review for journal Atmos. Chem. Phys. Discussion started: 2 November 2018 c Author(s) 2018. CC BY 4.0 License. Figure 9 : Year of tropospheric NO 2 VCD trend reversal from positive to negative (a) and from negative to positive (b) for megacities and large urban agglomerations of the world. Only spots with a statistically significant trend at the 95% confidence level for the period before or after the year of reversal are shown.
